I. INTRODUCTION
Handling the information explosion driven by the Web requires means to search data. Against this background, Web Tables [5] that are extracted from HTML tables or directly uploaded by users became a common structure for data on the Web. Their popularity is explained by the advantages of a tabular structure for collecting, maintaining, and making sense of data. Web Tables allow for a structured and condensed representation of data compared to free-format text, thereby enabling efficient storage and effective presentation of data. In addition, Web Tables support complex search scenarios, in which users are able to formulate structured queries that go beyond keyword-based search. Because of their benefits, Web Tables have been put forward by several systems, among them Google Webtables [5] , YAGO [32] , TableFinder [38] , Factual [36] , and Socrata [37].
The availability of corpora of billions of Web Tables [5, 29] calls for means for efficient search. To this end, techniques to find and rank Web Tables for a given user search query have been developed [5, 38] . However, the result of these techniques is typically a list of Web Tables ranked by their relevance, which is not appropriate for effectively browsing and exploring the data. On the one hand, data on the Web are often reused by copying and adapting existing sources [10, 24] . Hence, search results contain several tables that are highly relevant, but very similar in structure and content [30] . By including very similar Web Tables at the top or thousands of data tuples. Hence, effective exploration of the data requires support for quickly assessing the content of a table, ideally by selecting a few tuples that represent the original data. However, arbitrary selection of tuples to provide a table summary is not meaningful since it hides regularities in the data and, again, poses a problem with respect to completeness. That is, the diversity of data in a Web Table cannot be assessed effectively.
In this paper, we formalize the requirements for effective browsing and exploration of results for Web Table search as two problems, diversified table selection and structured table summarization, and present solutions for them.
We approach the problem of diversified table selection with a measure of the goodness of a selection. It combines the relevance scores obtained fr om Web Table search with measures for similarity of the schema and the data tuples of Web Tables, thereby accounting for diversity in the presented result. Diversified table selection is then defined as an optimization problem using the goodness measure. We show that this problem is NP-complete and, therefore, propose a greedy algorithm with several salient performance guarantees such as near-optimality, stability, and fairness. In particular, stability ensures that the table selection can be extended in a consistent manner to support incremental data exploration.
Our technique for table summarization selects a set of representative tuples of a table that induce little information loss with respect to non-selected tuples and preserve regularities of underlying data. Our technique exploits the similarity of data tuples as the basis to define an optimization problem over measures for information loss and data regUlarity. Since the problem turns out to be NP-complete, we present a heuristic approach that derives clusters of similar tuples and returns a representative sample of them. Again, stability is a particular feature of our approach: a table sUlllin ary can be extended in size to support a user in drilling down into a search result.
In sum, this paper makes the following contributions.
• Section II: We first describe the background for our work in terms of a user interaction scheme for Web Table search and requirements for effective result presentation. Further, we present a formal model for our approach.
• Section III: We introduce the problem of diversified table selection based on a goodness function that unifies both, the relevance and the diversity of a ranked list of Web Tables. We prove that the problem is NP-complete, propose a heuristic algorithm, and prove that our solution is near optimal, stable, fair, and efficient.
• Section IV : We introduce structured table sUlllin arization as a problem that refers to the identification of a subset of data tuples with minimal information loss regarding non selected tuples and maximal preservation of regularities in the data. We show that the problem is NP-complete and approximate its solution with a heuristic based on hierarchical clustering. We prove that our approximation is efficient and stable.
• Section V: We evaluate our techniques with real-world collections of thousands of Web Tables, showing that our  techniques scale for large datasets . For table selection , we achieve improvements up to 50% in diversity and 10% in relevance over baselines. For table sUlmnarization, we reduce the information loss induced by a table summary by up to 50%. We further present a user study indicating that our techniques are preferred over alternative solutions, which confirms the effectiveness of our approach.
In the remaining sections, we review related work (Sec tion VI), before we present conclusions (Section VII).
II. SEARCH OF WEB TABLES
To motivate our work, we first discuss a user interaction scheme for search over Web Tables and elaborate on require  ments for table selection and table summarization 
A. Motivation
User interaction scheme. Most systems for retrieving informa tion from a corpus of Web Tables implement a user interaction scheme that relies on keyword-based search. For a keyword query, a system returns a list of tables that is typically presented as a list of hyperlinks. These pointers are sometimes enriched with information on the schema of the respective table, e.g., by listing the attributes of a table. Given the search results, a user then browses and explores the data to identify which subsets of the data sources best meet their infonnation needs. A user iteratively follows the pointers to the Web Tables, scrolls over the data tuples to get an overview of the provided content, and returns to the list of search results to explore another source.
Requirements for table selection. The result quality of Web Table search clearly depends on the ability to select tables of high relevance to a user query and much work has been devoted to the computation of relevance scores, cf. , [25] . However, selecting tables for presentation to the user purely based on relevance is not effective. The list of top retrieval results will be polluted with redundant data sources. Since Web data is often a copied and slightly modified, many tables in the result list will be similar in structure and content [10, 24] .
Against this background, table selection should not only consider the relevance scores of tables, but also the diversity of the result list in order to support effective exploration of the data [8] . Diversification of a set of Web Tables is challenging since there is no a well-established objective function that defines what an optimal search result should be for a given query. Defining such a notion of optimality, on the one hand, requires consideration of many dimensions and types of diversity. On the other hand, the inherent trade-off between relevance and diversity needs to be made.
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To achieve a selection of tables that balances relevance and diversity, we argue that a good selection result should satisfy the following requirements.
(Rl) Schema and instance diversity. Web Tables from different  sources show Tuples are selected arbitrarily or randomly, which prevents a user from assessing diversity and regularity of the data.
To effectively support the exploration of data stored in Web  Tables, we argue that meaningful table summarization x Suppose that a user should be presented with two tables as a search result (e.g., on the first result page) and each of them is to be sUlmnarized by three tuples. Fig. 1 We denote a sequence of n tables by U* = (T1, ... , Tn),
For both types of sequences, we use . as a concatenation operator. We overload set notation for sequences, meaning that set operators applied to a sequence are evaluated based on the set of sequence elements. For instance, T E U* means that T is part of the set of elements of sequence U* and 1 U* 1 is the number of unique elements (i.e., the length of sequence 1 U* 1 if all its elements are distinct).
Using this model, Fig . 2 gives an overview of the approach taken in this work. Given a user query, in a first step, the relevance scores (r) for a corpus of Web Tables (U) are computed, e.g., using the techniques presented by Cafarella et al. [5] or Venetis et al. [38] . Based on the derived relevance scores, we define table selection and table summarization as the two steps conducted to support a user in effective exploration and browsing of the search results: 
III. DIVERSIFIED TABLE SELECTION
This section proposes a technique for diversified table selection that satisfies the requirements outlined in Section II-A. To achieve diversification that embraces both schema and instances (requirement R1), we first present similarity measures of Web Tables that relate to the schematic structure as well as the data tuples (Section III-A). Then, Section III-B defines a measure of goodness for a search result that takes into consideration the table popularity (R2) and table redundancy (R3). Using this measure, we define diversified table selection as an optimization problem and prove its NP-completeness (Section III-C). Finally, we provide a heuristic algorithm to approximate the optimal solution that comes with several salient performance guarantees (Section III-D).
A. Table Similarity
As outlined earlier, heterogeneity of Web Tables that stem from ditlerent sources is observed along several dimensions. Examples include the absence of a common schema, different semantics of attributes, or noisy and ambiguous representations of attribute values. To cater for these dimensions of heterogene ity, we first define measures for schema similarity and data similarity, before deriving a combined measure.
Schema Similarity. We compute the schema similarity of two tables by matching their sets of attributes. To this end, we exploit algorithms for schema matching [2] that construct a set of weighted attribute correspondences. Technically, for two schemas of tables, SI and S2, schema matching first constructs an ISll x IS21 similarity matrix over SI x S2, denoted by m(SI, S2), where m i,j (SI, S2) E [0,1] represents a degree of similarity between the attributes i and j of SI and S2, respectively. A variety of specific measures for attribute similarity has been proposed, including string-edit distances, vector-based metrics and language models, cr., [2] . Schema matching then uses the similarity matrix to extract a set of attribute correspondences Cl ,2 � (SI x S2), e.g., by solving the maximum weighted bipartite sub-graph problem [26] .
Following this line, we define schema similarity of two Web
Tables Tl = (SI, Dl) and T2 = (S2, D2) as an aggregation over the similarity of attribute correspondences in the matching: 
For two tables Tl = (SI, Dl) and T2 = (S2, D2)' the union of these corpora is defined as K(l, 2) = K(SI, Dl) UK(S2, D2)'
The actual similarity assessment is grounded on binary feature vectors L(a, k) of length IK(1,2)1, which indicate 234 for each term k E K(1,2) whether the instances of attribute a E SI U S2 contain a term that is similar to k (L(a, k) = 1) or not (L(a, k) = 0). To decide whether there exists such a similar term, we again rely on the large set of textual similarity measures proposed in the literature, cr., [2] and apply a similarity threshold.
Given two attributes al and a2 of tables Tl and T2, respectively, the similarity of their data instances is measured as the normalized product of their feature vectors:
Based on the similarity of data instances per attribute, we derive the data similarity of two Web Tables. To account for the high number of possible combinations between attributes of two tables, we aggregate over the maximum similarity scores per attribute of either table. Then, data similarity of Web Tables Tl = (SI, Dl) and T2 = (S2, D2) is defined as follows:
Combined Similarity. To achieve a comprehensive similarity assessment of Web Tables, we rely on a weighted average of schema similarity and data similarity, denoted by M:
Parameters a, (3 ?: 0 allow for tuning the importance of schema similarity and data similarity. It may be chosen based on prior knowledge about the reliability of either type of information. Without this, we set a = (3 = 0.5 for normalization.
B. Goodness of Table Selection
To balance relevance and diversity in a top-k selection of Web Tables, we design a goodness measure for such a selection. Clearly, selection is driven by the given relevance scores of tables. However, taking up the requirements identified in Section II-A, the goodness measure should incorporate table popularity (R2) and table redundancy (R3) in the selection. Therefore, we define goodness of a selection of tables based on the overall, weighted relevance of a selected table, which is reduced by the relevance of similar tables that have also been selected. Intuitively, this approach favors examples from groups of similar tables, but penalizes the selection of multiple relevant tables that are very similar to each other.
Let U be a corpus of tables, r a relevance ranking, and U* = (Tl, ... , Tn ), Ti E U, 1 ::; i ::; n a selection. Then, we define q (T ) = LT ' EU M(T, T')r(T') as the importance of table T E U in the corpus given the relevance ranking. In practice, the size of the corpus typically renders exact computation of the importance impossible. Therefore, q (T ) will be calculated based on a subset U' � U with IU'I « lUI. Existing techniques to find and rank Web Tables typically extract such a subset of tables for which the relevance score exceeds a threshold.
With w E R+ as a positive weight parameter, we define goodness as follows (overloading set notation as detailed in Section II-B):
While our notion of goodness is motivated by the need to consider table popularity and table redundancy in the selection, it also shows several intuitive properties that are detailed below. The respective proofs can be found in the appendix.
The first property considers the influence of the relevance scores. We observe that the more relevant a table is, the higher are the chances of it to be part of the selection.
Proposition 1 (Strength of Relevance). Let U be a corpus of tables, , a relevance ranking, U* = (TI, ... , Tn), Ti E U, 1 � i � n a selection, and T E (U \ U*) a non-selected table. Let " be a relevance score defined such that ,'(T) > ,(T) and , gU,r ' (U*.T) ;::: gU,r (U*.T)
Our notion of goodness further shows monotonicity. That is, when adding more tables to an existing selection, the goodness of the overall selection will increase.
Proposition 2 (Monotonicity). Let U be a corpus of tables, , a relevance ranking, U* = (TI, ... ,Tn), Ti E U, 1 � i � n a selection, and U' <;;; (U \ U*) a set of non-selected tables. For w ;::: 2 it holds that: gU,r (U* .U') ;::: gU,r (U*)
Finally, our goodness measures shows submodularity, which refers to the property that marginal gains in goodness start to diminish due to saturation of the objective. That is, the marginal benefit of adding tables to the selection decreases w.r.t. the size of the selection.
Proposition 3 (Submodularity). Let U be a corpus of tables, , a relevance ranking, U* = (TI, ... , Tn), Ti E U, 1 � i � n a selection, and T, T' E (U \ U*) non-selected tables. Then, it holds that: gU,r (U* .T) + gU,r (U* .T') ;::: gU,r (U* .T.T') + gU,r (U*)
C. Diversified Table Selection Problem
Using the notion of goodness, diversified table selection is defined as an optimization problem. That is, we are interested in finding a selection of top-k tables with maximal goodness.
Problem 1 (Diversified Table Selection) . Let U be a corpus of tables, , a relevance ranking, and k a threshold fo r the number of tables. Then, the diversified table selection problem is defined to be: 
l Tm +-argmaxT E U , r<;,u* s(T) ; U' +-U'.Tm ; I I Update ranking score for the remaining tables Table Selection Given that diversified table selection is intractable, below, we present a heuristic algorithm to approximate its solution, for which we prove various performance guarantees.
Heuristic Algorithm. Our algorithm exploits two of the aforementioned properties of the goodness fu nction gU, T> i.e., monotonicity and submodularity, to achieve a provably near optimal solution. The algorithm iteratively expands the selection of tables by adding the table that maximizes the objective fu nction. Thus, solving the problem requires k iterations.
The details of our heuristic are given in Algorithm 1. It takes a set corpus of tables U with relevance function " a measure for table similarity M, a weight factor w, and a threshold for the number tables k as input and returns a selection U* of k tables. We begin by computing a ranking score for each table T E U that is based on the weight factor, the table relevance, and the table importance (line 2). In the actual greedy selection step, we select k tables. In each iteration, we add the table with the highest ranking score (lines 4 and 5), before the ranking score is updated for the remaining tables (line 7). The latter avoids re-computation of the ranking scores from scratch in each iteration. As detailed in Section III-B, in practice, the selection procedure is typically not applied over the whole corpus, but a subset U' <;;; U with IU'I « lUI as it is extracted by existing techniques to find and rank Web Tables.
Algorithm Analysis. First, we observe that the approximation error of the proposed algorithm is bounded.
Guarantee 1 (Near-Optimality). Algorithm 1 is a (1 -1/e) approximation fo r diversified table selection.
Proof For any monotone, submodular fu nction 1 with 1(0) = 0 it is known that an iterative algorithm selecting the element e with maximal value of 1 (S U {e}) -1 (S) with S as the elements selected so far has a performance guarantee of (I-lie) ;::: :; 0.63 [28] . This result is applicable to Algorithm 1, since our goodness function gU,r is monotonic (Proposition 2) and submodular (Proposition 3), it holds gU,r (0) = 0 (Eq. (5», and the ranking score is defined as s(T) = gU,r (U* .T) -gU,r (U*) (lines 2 and 7).
• Next, we consider the complexity of our heuristic. Proof In Algorithm 1, the construction of U* is performed stepwise and elements are never removed fr om U*. The selection also is deterministic: we always add the table with highest ranking score (line 4). Thus, a larger selection sequence comprises a smaller selection sequence as a prefix.
• Finally, we also highlight that the selection heuristic is fair in the sense that it is genuinely driven by the relevance function.
Guarantee 4 (Fairness). Let U be a corpus of tables. For any set of tables U c U, there exists a relevance fu nction r, S.t. Algorithm 1 returns U* = (T1, ... ,T I U I )' Ti E U,l:S; i:S; lUI.
Proof Given U, we define r as r(T) = 1 if T E U and r(T) = 0 otherwise. Then, the ranking score s(T) is positive if T E U, whereas s(T) = 0 if T rt. U. Hence, the algorithm selects only elements fr om U.
•
IV. TABLE SUMMARIZATION
This section takes up the requirements on table summa rization outlined in Section II-A and presents a technique to derive concise and meaningful summaries of tables. To avoid tuple redundancy (requirement R4) and highlight data regularities (RS) in the result, we first define a notion of repre sentativeness for table summaries (Section IV-A). Intuitively, the selected tuples should be similar to non-selected tuples. The presented measure of representativeness is then used to formulate structured table summarization as an optimization problem (Section IV-B). The problem turns out to be intractable, so that we also propose a clustering-based algorithm to approximate the solution (Section IV-C). We prove that the algorithm shows stability when increasing the size of the summary, thereby supporting multi-resolution summaries (R6).
A. Representativeness of Table Summaries
Representativeness of table summaries is grounded in two dimensions, information loss and data regularity, that follow 236 directly from the aforementioned requirements. The former relates to the amount of information that is not captured by a table summary, i.e., the loss of information induced by non selected tuples with respect to the entire data of a table. Data regularity, in turn, reflects the ability to provide a user with clues about the characteristics of the table data. As such, it serves as a reverse proxy for the tuple redundancy in the table summary. Data regularity, in turn, reflects the ability to provide a user with clues about the characteristics of the table data.
Against this background, information loss guides which tuples to select for a table summary and data regularities are exploited to order the selected tuples. 
Chad
As an example, consider Table I . Assuming that six tuples should be selected for a summary, the tuples marked with '*' would form a representative selection. This set has low information loss since it covers all possible values of attributes GDP and Continent. Further, ordering the tuples as indicated by the Roman numerals (I)-(VI) supports discovery of data regularities. For instance, the highlighted relation between GDP indexes and continents becomes visible once tuples with equal continent values are listed close to each other.
To quantify information loss and data regularity, we assess the similarity of tuples. In contrast to data similarity discussed in Section III-A that compares attribute values of different tables, tuple similarity compares two tuples in isolation, based on their values. Technically, tuple similarity is a function tsim :
] over the tuples of a table T = (S, D).
To instantiate this function, we rely on similarity measures as proposed in the literature, e.g., the Jaccard similarity coefficient over 3-grams of the attribute values [34] .
Information Loss. Using a notion of tuple similarity, infor mation loss of a table summary is defined as follows. Let T = (S, D) be a table and D* = (d1, ... , dn), di E D, 1 :s; i :s; n, a summary of T. The information loss of D* is defined as the sum of loss scores of all non-selected tuples, where the loss score of a non-selected tuple is its dissimilarity with respect to the most similar selected tuple:
It holds that 1L(0) = IDI and 1L(D) = O.
Data Regularity. Let D* = (d1, ... , dn), di E D, 1 :s; i :s; n be a summary of a table T = (S, D). Then, we define data regularity for the summary as the sum of similarities of consecutive pairs :
The measure for data regularity ensures that tuples are presented in a meaningful order rather than randomly or arbitrarily.
B. Structured Table Summarization Problem
To avoid tuple redundancy and highlight data regularities in a table summary, we define the structured table summarization problem. It refers to the identification of a summary, such that tuples with minimal information loss are selected and their ordering maximizes data regularity. Clearly, information richness of the sununary is most relevant for Web Table search, so that minimization of information loss is prioritized.
Problem 2 (Structured Table Summarization Unfortunately, already the minimization of information loss requires investigating all subsets of size k of tuples of a Web Table, which is intractable. In particular, we observe that the decision of whether there is a subset with information loss less than a threshold is NP-complete. 
Proof (Sketch):
We prove the theorem by using the restriction technique [17] and show that k-medoids clustering, which is known to be NP-complete [21] , is a special case of our problem. A tuple can be represented by a data point and the dissimilarity between two tuples is the distance between two data points. Hence, the information loss in Eq. (7) is equivalent to the obj ective function of the k-medoids clustering problem.
C. Heuristic Table Summarization
To cope with the inherent complexity of structured table summarization, we propose a heuristic algorithm based on clustering of similar tuples. Intuitively, we select a few tuples from each cluster, so that the selection will have low information loss since tuples that very similar to the selected ones can be expected to be part of the same cluster. Then, by placing selected tuples that are similar close to one another in the result sequence, we achieve high data regularity.
We implement this approach using agglomerative hierarchi cal clustering [20] -a connectivity-based clustering technique. Using agglomerative hierarchical clustering has several advan tages compared to other connectivity-based clustering methods, such as k-medoids or k-means. First, k-medoids and k-means are sensitive to initialization and the choice of parameter k. Second, the cluster center obtained using k-means may not be an actual tuple of the table. Third, hierarchical clustering ensures stability of the result when increasing the solution
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Algorithm 2: Clustering-based Table Summarization I I Make children of n nearer to ns size. In our setting, this property is important to support multi resolution table summaries (requirement R6), so that a user can drill down into search results by consistently extending the summary.
Heuristic Algorithm. The idea of our algorithm is sUlmnarized as follows: We first build a tree that provides a hierarchy of clusters that merge with each other at certain distances. The distance between two clusters is derived from the dissimilarity values of their tuples. We then flip nodes in this tree to bring similar tuples (leaves of the tree) closer to each other. Finally, we traverse the tree top-down to select k representative leaves that minimize information loss.
As outlined in Algorithm 2, our approach takes a set of tuples D, a measure for tuple similarity tsim, and a threshold for the number of tuples k as input and returns a selection D* of k tuples. The algorithm involves three steps: clustering, ordering, and selection.
As a first step, we run hierarchical clustering on set D to obtain a cluster tree, using a linkage criterion such as single linkage, complete linkage, or average linkage [33] . Second, we move similar tuples (tree leaves) close to each other to maximize data regularity. To this end, we traverse the tree and flip nodes. More precisely, for each left node, if its left child is more similar to its sibling than its right child, we swap its children; and vice-versa (line 6). Third, we select a sequence of k leaf nodes and attempt to minimize information loss. We find a cut-off point by scanning the tree from the root to the leaves (line 8). The cut-off point is reached in that scan when the number of clusters is exactly k. For each cluster obtained, we select the leaf for which inclusion minimizes information loss (lines 9 to 13), which is prioritized.
Algorithm Analysis. The proposed algorithm shows several desired properties. First, we consider time complexity.
Guarantee 5 (Complexity). The time complexity of Algorithm 2 • There are several optimizations that avoid building the full cluster tree [12] . However, these techniques compromise the stability of the approach as established by the next property, so that multi-resolution table summaries would not be supported. •
V. EXPERIMENTAL EVALUATION
We evaluated our methods using a large collection of real world Web Tables. Our experiments show that our approach leads to improvements over baselines of up to 50% in diversity and 10% in relevance for table selection, and reduces information loss induced by table summarization by up to 50%. In a user study, we further observed that participants preferred the proposed techniques over alternative solutions.
A. Experimental Setting
Datasets and Setup. We conducted our experiments using a large real-world collection of Web Tables [35] covering nine domains. The dataset is summarized in Table II . Each domain comes with sUbtopics (20 on average, 180 in total) that we used as keywords for Web Table search. Unless otherwise stated, we run experiments on the 1000 tables with the highest relevance scores. This is a realistic setup since arguably, users cannot explore all tables in the search result. Results are computed by taking the average over all queries and all domains. All experiments ran on an Intel Core i7 system (2.8GHz, 4GB RAM). We used the COMA++ [1] schema matching system to derive attribute similarity matrices and constructed binary feature vectors (cf., Section III-A) using 238 the Longest-Common-Substring measure. Tuple similarity was assessed with the Jaccard similarity coefficient over 3-grams of the string representation of the data. Here, a higher score indicates higher relevance and nR(U, r, U*) = 1 means that U* is exactly the selection of tables with the highest relevance scores. 
Here, a value of larger than one means that D* suffers less from information loss than Do, and vice-versa.
Normalized Data Regularity. Following the same reasoning, we also define normalized data regularity to evaluate table summarization. For the top-k table summary D* and Do as the baseline obtained by random sampling, we have:
Again, a value larger than one means that D* performs better in terms of data regularity than Do, and vice-versa.
B. Evaluation of Table Selection
Efficiency. To study the effects of the top-k value on the computation time required by our heuristic algorithm for diversified table selection, Fig. 3 shows the computation time (in ms) relative to the result size. We observe that a solution is obtained quickly, in less than 140ms for k = 50, which can be seen as the maximum number of search results a user can handle. In fact, we observe a linear trend of computation time despite the super quadratic time complexity of our algorithm. This highlights that our approach is efficient for real datasets. Table Selection Effectiveness (Top-K). Next, we study the effects of varying the top-k value on the diversity and relevance of the result. We use S-Recall and Normalized Relevance to measure diversity and relevance of the table selection returned by our approach, respectively. We randomly set the tunning parameter ex (trade off between schema similarity and data similarity) and w (trade off between relevance and diversity) according to uniform distributions %' (0, 1) and %' (1, 2), respectively. The final result is computed as the average of 100 runs. The results are depicted in Fig. 4 and 5 . When increasing the top-k value, both S-Recall and Normalized Relevance increase as well. This is expected because of two reasons. First, when the size of the result set increases, more dissimilar tables are included as a result of the output objective of Algorithm 1, leading to higher S-Recall. Second, if we consider larger results, more relevant tables are chosen by our algorithm since the chance that they are dissimilar is higher, leading to higher Normalized Relevance. We conclude that our algorithm is stable and (except for a very few outliers) non-decreasing with the number of representative tables presented to user.
Comparison with k-medoids clustering. Next, we compare the effectiveness of our diversified table selection approach over another diversification algorithm -k-medoids clustering. As proposed in [13] , k-medoids clustering can be used to diversify search results by generating k clusters of relevant results and picking a representative from each cluster. For the comparison, we measure relative improvement as ,0. = (X -Xo) / Xo, where X is the diversity (S-Recall) or relevance (Normalized Relevance) of the selection of our approach and Xo is the respective value when using k-medoids clustering.
We randomly set the tuning parameters as discussed above and take the average result over 100 runs.
The result for relative improvement in diversity (S-recall) is illustrated in Fig. 6 for an increasing top-k value. Interestingly but not surprisingly, the diversity is not continuously improved. At the beginning, diversity improvement increases sharply with the top-k value and reaches a maximum when k ;::: :; 30. The relative improvement in normalized relevance is de picted in Fig. 7 . In general, the normalized relevance of our algorithm is always better than for the method based on k medoids clustering. This result confirms that our algorithm can improve diversity without loss of relevance. Another key observation is that the relative improvement decreases when increasing the top-k value. This is expected since, when selecting more tables, the number of k-medoids clusters increases which increases chances to select relevant tables.
C. Evaluation of Table Summarization
Efficiency. To investigate the efficiency of our heuristic for structured Effectiveness (Information Loss). Next, we study the effec tiveness of our approach in terms of information loss of the obtained table summaries. We vary table size fr om 50 to 400 and the top-k value from 5 to 45. The three aforementioned hierarchical clustering strategies are compared to the baseline method, which randomly selects a list of k tuples over the whole table. Note that a larger normalized information loss indicates that a technique suffers less from information loss.
For different table sizes (and a fixed top-k value of 10), Fig. 8 shows the normalized information loss of our approach (with three hierarchical clustering strategies) and the baseline (Random). We observe significant improvements for the medium ranges of table sizes. For the boundary cases of small (size < 50) and large (size > 350), there are no improvements over the baseline. This is explained by two reasons. For small In sum, the results emphasize that our improves the quality of table sununaries in terms of avoided information loss by up to 50% compared to the baseline method.
Effectiveness (Data Regularity). We further study the results in terms of data regularity in table summaries. Again, we vary table sizes and the top-k value as outlined above.
For different table sizes (and a fixed top-k value of 10), Fig. 10 illustrates the normalized data regularity. In general, our method achieves data regularity values higher than the baseline (up to a factor of 1.5) . Another key finding is that the difference ratio decreases when table size increases. This is because of the fixed top-k value: to capture more information with 10 tuples, the selected tuples need to be more dissimilar to minimize information loss. As a consequence, data regularity is reduced.
The effect of different top-k values (under a fixed table size of 150) on normalized data regularity is illustrated in Fig. 11 . Again, our summarization strategies perform better than the baseline (up to a factor of nearly 1.8) . Data regularity increases when increasing the top-k value until about 35 tuples (except for HierComplete). This is expected since increasing the top-k value increases the number of clusters in our table summarization algorithm. Hence, selected tuples from these clusters are more similar, increasing data regularity. However, the ditlerence ratio drops down for larger k. This is because, with fixed table size, increasing the top-k value further increases the chances of selecting similar tuples by random sampling, leading to higher data regularity.
Overall, the results underline that our approach is able to 240 consider data regularities in table sUlmnaries.
D. User Study
To evaluate our techniques also from a user perspective, we conducted a user study using the CrowdFlower system. We designed two surveys in which a user is assigned to a certain evaluation task, called HIT. In each HIT, a number of questions on the result quality had to be answered. We allowed a maximum number of 10 users for each HIT and finally count all user responses to determine a trend in the result perception.
Below, we first discuss Table Selection , DTS) contains the tables selected by our technique. Then, we built a HIT for each keyword (so there are 180 HITs in total) that comprised two questions. First, we asked users to rate the diversity of the DTS list against the baseline by five choices: from (1) highly less diverse to (5) highly more diverse. In the second question, we asked users which of the lists they prefer.
To make the study independent from table summarization techniques, no sample data of the tables was presented to the participants. We further considered only cases in which the number of identical tables in the two lists is less than 70% to prevent users from being confused with close to identical list. For the first question on the diversity of the lists of selected tables, the percentages of user answers are shown in Fig. 12 . We observe that 51. 73% of the users answered that the selection derived with our technique is highly (13.72%) or slightly (38.01 %) more diverse; whereas only few users considered it to be slightly (15.02%) or highly (4.08%) less diverse than the baseline. This confirms that our technique is sound and indeed increases diversity of table selection.
As illustrated in Fig. 13, 59 .09% of the users prefer the DTS list over the baseline, which highlights the importance of diversification for satisfying the search intent of users and suggests that our selection technique helps to achieve it.
Benefits of Ta ble Summarization. For this experiment, we designed HITs in which users were shown two versions of a summary of a Web Table. We randomly selected 10 of the tables retrieved for each keyword. Then, a first baseline summary shows tuples that were chosen randomly from the Ta ble Size (#Tuples Shown to User) The results shown in Fig. 15 indicate that the majority of users also prefers the STS version over the baseline. Again, the trend is stronger for larger summaries. For summaries with 50 tuples, more than 72% of the users prefer the STS version.
In sum, the results on readability and preference illustrate the effectiveness of our method for table summarization.
Limitations. Reflecting on limitations of our user study, we note that, despite the large number of HITs, the number of participants in the study is too small to allow for conclusions on the statistical significance of our observations. However, the user study consistently indicates that the proposed techniques lead to better results for table selection and table summarization than the baselines that represent the state-of-the-art.
VI. RELATED WOR K
Web Ta bles. Handling structured data in the Web has received a lot of attention in recent years. Early work includes Cafarella et al. [5] , who report on massive extraction of structured data from the surface Web. Google Squared [9] and Fusion Table [18] are prominent applications that allow for table-based handling of Web data. Based on the model of Web Tables, the challenges of annotating, searching, matching, and clustering these tables have been addressed in the research community. Annotations provide semantics for a Web Table by associating  the table columns and rows with types and relations [43] . Search aims at retrieval of Web Tables by matching table  columns to keywords of a search query [29] . Matching enables data integration for Web sources by establishing the semantic correspondences between Web Tables, as the goodness function for a selection favors   24 1 examples from groups of similar tables, but penalizes the selection of multiple tables from the same group.
Diversification Te chniques. The importance of diversification in search results has been long acknowledged in information retrieval [14] . Diversification techniques are often categorized as being threshold-based [39] , function-based [23] , or graph based [42] . Threshold-based algorithms define a threshold on one criterion (i.e. either relevance or diversity), and then select the results that both satisfy this threshold and optimize the other criterion. Function-based approaches combine both relevance and diversity in a unified function to extract a result set that maximizes this function. Graph-based approaches model the search results and their relations as a graph, and rank them according to the collective information inferred from the graph . In this work, we motivate the need for diversification for Web Table search and propose a function-based approach for diversified table selection. [7] is closest to our work. Their approach uses clustering-based sampling to select representative tuples and leverages frequent sets to consider data regularities in relational tables. However, unlike our work, this approach is not stable if the size of the summary is increased, so that it lacks support for multi-resolution summarization. We overcome this limitation by combining hierarchical-based clustering and ordering techniques. In many cases, table summarization may also consider meta-data (e.g., table attribute taxonomies) [6] . In our setting of Web Tables, however, meta-data is either unavailable or costly to build up. Therefore, our technique for table summarization relies on the Web Table content itself. Table summarization may not  only refer to a single table, but to a whole relational database, as proposed by Yang et al. [40] . They present a clustering based method to select the tables that represent the database while maintaining the relations (e.g., foreign-keys) between the tables. Despite the fact that such relations do not exist between tables in the Web, the use case of Web Table search requires separate summarization of tables from diverse data sources. As such, instead of exploiting relations between tables, we target summaries that highlight relations between tuples of a table.
VII. CONCLUSIONS
This paper proposed techniques to support a user in browsing and exploring a result for Web Table search. Based on requirements identified for such support techniques, we formally defined two problems: diversified table selection and structured table summarization. The former relates to the selection of tables based on their relevance while ensuring diversity within the result. The latter refers to the selection of tuples to provide a concise yet meaningful summary of a table. We showed that both problems are intractable. Hence, we developed heuristic algorithms for their approximation that come with performance guarantees, such as near-optimality, stability and fairness. Our evaluation showed that our techniques outperform respective baseline methods significantly, up to 50% in diversity for table selection and up to 50% reduction of information loss induced by table summarization. Our user study showed that participants indeed saw a clear benefit in using the proposed techniques.
In future work, we aim at adapting our approach to other Web data sources that are not tabular. Also, we intend to devise applications on top of our techniques and support data exploration beyond keyword search.
